High temperature heat treatments were conducted for as-cast N08028 alloy to obtain various microstructures with different amounts of σ-phase, and then hot compression tests were carried out using Gleeble-3500 thermo-mechanical simulator in deformation temperature range from 1100 to 1200 1C and strain rate range from 0.01 to 1 s À 1 . For the same initial microstructure, the flow stress was observed to increase with increasing the strain rate and decreasing the deformation temperature, while for the same deformation condition, the flow stress was found to increase with increasing the amount of σ-phase in the initial microstructure. Moreover, dynamic recrystallization was found to be the main dynamic soften mechanism. On this basis, Arrhenius-type constitutive equations and artificial neural network (ANN) model with back-propagation learning algorithm were established to predict hot deformation behavior of the alloy. Furthermore, the parameters of constitutive equations were found to be dependent on the initial microstructure, which was also as one of the inputs for the ANN model. Suitability of the two models was evaluated by comparing the accuracy, correlation coefficient and average absolute relative error, of the prediction. It is concluded that the ANN model is more accurately than the constitutive equations.
Introduction
As a corrosion resistant Ni-based alloy, N08028 is widely used in the fabrication of oil pipes in the petroleum industry due to its superior corrosion-resistance and mechanical properties. Such properties of the alloy are heavily dependent on the production process. As an important process of production, hot deformation has a significant influence on the microstructure evolution of the materials and the mechanical properties of the formed product. Consequently, a comprehensive study on the hot deformation behavior is very important [1] .
It is known that the processing parameters such as strain, strain rate and deformation temperature are of great impact on the hot deformation behavior, which has been discussed by lots of studies for various alloys [2] [3] [4] . In addition to these processing parameters, the initial microstructure of hotworking alloy has significant influence on the hot deformation behavior, but the related studies are very limited and the corresponding effective models are few [5] .
Hase and Tsuji [6] examined the microstructure evolution during hot deformation in medium-carbon steels with various initial microstructures such as ferrite, bainite and martensite. The influence of initial grain size on the hot deformation behavior of 304 L stainless steel was studied by Mirzadeh et al. [7] . Recently, Lin et al. [8] investigated the effects of initial δ phase on hot tensile deformation behaviors of a typical Ni-based superalloy and they found the peak stress increase with the increase of δ phase. Nevertheless, all these studies are focused on qualitatively analyzing the influence of initial microstructure by describing the microstructure evolution during hot deformation and the corresponding effective model for the quantitative description is lacked.
For the past few years, the intrinsic relationships between the hot deformation behavior and processing variables (strain, strain rate and deformation temperature) have been modeled by a phenomenological approach from the experimentally measured data [9] [10] [11] , which was first proposed by Jonas et al. [11] and followed the hyperbolic laws in an Arrhenius-type form. After that, various modifications to this approach have been developed to improve its predictability. Slooff et al. [12] modified the hyperbolic sine constitutive model by introducing strain-dependent parameters. By compensating the strain rate in the Zener-Hollomon parameter (Z), Lin et al. [13] revised the strain-dependent hyperbolic sine constitutive model to predict the hot deformation behavior of 42CrMo alloy. Later, the improved Arrheniustype equation was applied for describing the hot flow behaviors of P91 steel [14] , as-cast Ti60 titanium alloy [15] , 718 superalloy [16] , AZ61 Mg alloys [17] , etc. However, these Arrhenius-type constitutive models are not quite satisfied in some certain cases since it is difficult to accurately predict the complex non-linear relationship between flow stresses and processing parameters.
Recently, a new approach of artificial neural network (ANN), which does not need to postulate a mathematical model or identify its parameters, has been introduced to predict the hot deformation behavior of many alloys [18] . ANN is a robust and intelligent data information treatment system available for adaptive data mining and modeling ambiguous and complicated problems. Thus, the ANN model only needs to learn from sufficient experimental data and to recognize patterns in a series of inputs and outputs without any prior knowledge of their functional relationships or tedious regression analysis [19] . As a result, ANN has been increasingly employed to study the hot deformation behavior in a variety of alloys [20] [21] [22] . Considering phase transformation, the flow stress of as-cast Ti-based alloy during hot deformation was accurately predicted by ANN [20] . Using this approach, Ji et al. [21] studied the hot deformation behavior of Aermet100 steel. Recently, Li et al. [22] investigated the hot deformation behavior of Al-Zn-Mg alloy based on the ANN model. However, both the Arrhenius-type constitutive equations and ANN model did not consider the effect of initial microstructure on the hot deformation behavior.
Therefore, in this paper, by considering the initial microstructure as a parameter as well as the processing variables (strain, strain rate and deformation temperature), the traditional Arrhenius-type constitutive equations and ANN model are modified to describe the hot deformation behavior of N08028 alloy, respectively. The influence of initial microstructure on hot deformation is investigated and the comparisons between the experimental and the predicted flow stress by using the above two models are carried out. Furthermore, the suitability of the constitutive equations and the trained ANN model is evaluated in terms of the standard statistical parameters, such as the correlation coefficient and average absolute relative error.
Experimental procedures
The chemical compositions of the studied alloy, i.e. N08028, are given in Table 1 . The alloy was solidified in a vacuum induction melting furnace under a high purity argon atmosphere. Then the cast ingot was cut into three pieces for heat treatments at 1200 1C for 1, 2 and 8 h, respectively. The heat treatment was conducted in a muffle furnace and terminated by a water quench.
Cylindrical specimens with 8 mm in diameter and 12 mm in height were machined from heat treated ingots to perform compression tests. Tantalum foil with a thickness of 0.05 mm was placed between the anvil and the specimen to minimize the friction. By reference to ASTM E209 (Standard Practice for Compression Tests of Metallic Materials at Elevated Temperatures with Conventional or Rapid Heating Rates and Strain Rates), the hot compression tests were conducted on a Gleeble-3500 thermo-mechanical simulator at 1100, 1150 and 1200 1C with the strain rate of 0.01, 0.1 and 1 s À 1 respectively. Before compression tests, each specimen was heated to the deformation temperature at a rate of 10 1C/s and held for 3 min to obtain a uniform deformation temperature. The height reduction of the specimens was 60% by the end of the compression tests and then the specimens were immediately quenched in water to retain the microstructures at elevated temperature.
After the hot compression tests, the specimens were sectioned parallel to the compression axis and then metallographically prepared by grinding and polishing, and then each sample was etched with a solution of saturated acid (H 2 O 2 : HCl:H 2 O ¼ 1:2:2). The microstructural features of the specimens were observed by Olympus/PMG3 optical microscopy (OM) and FEI Tecnai G2 F30 transmission electron microscopy (TEM).
Results and discussion

Heat treatment of the studied alloy
Because of the solute segregation during solidification, the as-cast microstructure of the studied alloy presents coarse austenite dendrites with irregular-shaped σ-phase in the interdendritic regions [23] , as shown in Fig. 1a . Various heat treatments were performed to obtain different microstructures for the subsequent hot compression tests. Given that the σ-phase can completely dissolve into the matrix at 1200 1C for sufficient heat treatment time, the amount of σ-phase decreased with the heat treatment progressing. Moreover, as the heat treatment progressing, the dendrites morphology faded away, as shown in Fig. 1b-d (Fig. 1a) , the size of interdendritic σ-phase distributed in an extensive range from several to tens of micrometers and the σ-phase fraction was measured by the quantitative image analysis, as 2.05 7 0.1%. When the alloy was heat-treated for 1 h (Fig. 1b) , the σ-phase was observed to be partly dissolved and the corresponding fraction was measured as 1 7 0.1%. When the heat treatment time increased to 2 h (Fig. 1c) , the dendrites morphology became indistinct and the amount of σ-phase decreased to 0.67 0.1%. As shown in Fig. 1d , a homogeneous microstructure with few secondary σ-phase was observed under heat treatment for 8 h.
Since the significant feature of the studied microstructure is primary austenite with secondary σ-phase, the various heattreated microstructures can be characterized by the difference of σ-phase fractions. In this work, to simplify the subsequent calculation, the microstructures after different heat treatment of 1, 2 and 8 h are represented by corresponding σ-phase fractions of 1%, 0.6% and 0.01% respectively.
Moreover, before compression tests, the alloy was heated to the deformation temperature (1100, 1150 and 1200 1C) and held for 3 min to obtain a uniform deformation temperature. Since this holding time (3 min) is much shorter than the preceding heat treatment times (1, 2 and 8 h), the change of the amount of sigma phase of the specimens can be ignored. This can be further confirmed by the microstructure analysis. The upper right inset of Fig. 1a shows the microstructure of the ascast alloy held for 3 min at 1200 1C, and the corresponding σ-phase fraction was measured as 2.03 7 0.1%, which is almost the same with that of the as-cast alloy. Then it can be deduced that when the as-cast alloy is held for 3 min at 1100 and 1150 1C, the amount of σ-phase is nearly invariable since the relatively lower heat treatment temperature than 1200 1C. Therefore, influence of the 3 min treatment before compression tests can be ignored in this study.
Flow stress behavior
The true stress-true strain curves of N08028 alloy during hot compression at various temperatures, strain rates and initial microstructures are shown in Fig. 2 , where 1 h, 2 h and 8 h represent different time of previous heat treatments, corresponding to various initial microstructures. Obviously, the deformation temperature, strain rate and initial microstructure have a significant effect on the hot deformation behavior. In most cases, the flow stress increases to the peak value due to the dynamic balance of work hardening and dynamic recovery and then decrease to a plateau as a typical dynamic recrystallization (DRX) behavior exhibiting.
With decreasing the deformation temperature or increasing the strain rate, the peak stress becomes less obvious, which also can be observed when prior-heat treatment time decreases. Clearly, the flow stress decreases with increase in deformation temperature or decrease in strain rate. Moreover, the increase of the prior-heat treatment time, which corresponds to the decrease of σ-phase fractions in the initial microstructure, leads to the decrease in flow stress. This can be explained by the influence of these three factors on the dislocation movement. The high deformation temperature enhances the thermal activation of the alloy and promotes the atomic vibration, which leads to the acceleration of dislocation motion and occurrence of softening mechanism (DRX). The increasing strain rate would lead to the increase of the rate of dislocation generation and thereby the increase in flow stress. Furthermore, the σ-phase in the initial microstructure will hinder the dislocation movement and increase the flow stress during hot deformation. Fig. 3 shows the microstructure details under various deformation conditions for the alloy with an initial microstructure heat-treated at 1200 1C for 8 h. Typical recrystallized microstructures were observed in these optical metallographs. For the same strain rate, the size of recrystallized grains increased with the increase of the deformation temperature (Fig. 3a-c) . When the alloy was deformed at 1100 1C (Fig. 3a) , the thermal activation of the alloy was relatively low and the atomic motion was relatively slow, which makes the growth of recrystallized nuclei be inhibited and DRX be not completely finished. When the alloy was deformed at 1150 and 1200 1C (Fig. 3b and c) , the atomic motion was accelerated and the complete recrystallized microstructure was observed. For the same deformation temperature, the size of recrystallized grains increased with decrease in the strain rate, as shown in Fig. 3c -e. At the strain rate of 1 s À 1 (Fig. 3c) , the accumulated energy was relatively high since the dislocations is consumed or continually generated within a relatively short time, and the DRX grains have less time to nucleate and grow than that at lower strain rate (Fig. 3d and e) . Fig. 4 shows the microstructure details for the alloy with various initial microstructures under the deformation temperature of 1200 1C and strain rate of 1 s À 1 . For the initial microstructure with prior heat-treatment for 1 h (Fig. 4a) , the residual σ-phase dispersed as long stripes in the matrix and hindered the dislocation movement. As shown in the upper right of Fig. 4a , lots of dislocations distributed in the matrix and thereby the softening phenomenon (DRX) was indistinctive. In Fig. 4b , as the σ-phase friction decreased, the recrystallized microstructure was observed and the TEM image showed the formation of new grains. When the alloy was previously heat treated for 8 h, the σ-phase almost completely dissolved into the matrix and few dislocations could be observed in the deformed microstructure (Fig. 4c) , which indicates the typical DRX occurs. Therefore, the σ-phase in the initial microstructure for hot deformation can hinder the dislocation movement, increase the flow stress and weaken the softening phenomenon.
Microstructural evolution
Constitutive equations for flow stress
During hot deformation, Arrhenius-type constitutive equation is widely used to describe the relationship between the flow stress (σ), strain rate (_ ε) and deformation temperature (T) [24] 
where Q is the deformation activation energy, R is the gas constant; A 1 , A 2 , A, n 1 , n, β and α are material constants, with α ¼ β/n 1 . The power law (Eq. (2a)) is adopted for the low stress level while the exponential law (Eq. (2b)) can be applied for the high stress level. The hyperbolic-sine law (Eq. (2c)) is a universal form suitable for a wide range of stress [25, 26] . Substituting Eqs. (2a) and (2b) into Eq. (1), and then taking logarithm from both sides of obtained equations yields to Then, substitute the values of flow stress and the corresponding strain under certain strain rate and initial microstructure into Eqs. (3a) and (3b), respectively. Here, the strain of 0.3 with the initial microstructure heat treated for 1 h at 1200 1C is set as an example to introduce the solution procedures of the material constants. The values of n 1 and β can be evaluated from the average value of the slopes of parallel lines at different temperatures in the plots of ln σÀ ln _ ε and σ À ln _ ε by a linear fit method as shown in Fig. 5a and b, respectively. Then, the value of α ¼ β/n 1 can be gained.
Substituting Eq. (2c) into Eq. (1), a hyperbolic-sine type equation is achieved for all the stress level, as
Taking logarithm from both sides of Eq. (4) gives
For the fixed deformation temperature, by differentiating Eq. (5), n can be expressed as
For the fixed strain rate, by taking the partial derivative of Eq. (5), Q can be expressed as
By substituting related experimental data, the values of n and Q can be derived from the mean slope of ln[sinh(ασ)] À ln_ ε and T À 1 À ln[sinh(ασ)] plots ( Fig. 5c and d) , respectively. Moreover, by substituting the achieved parameters into Eq. (5), the value of ln A can be obtained. The corresponding values of parameters are listed in Table 2 .
As is well known, the combined influence of deformation temperature and strain rate on the hot deformation behavior can be represented by Zener-Hollomon (Z) parameter [27] , as
Then, the flow stress can be expressed by Z parameter as follows:
Therefore, by determining the values of material constants (α, n, Q and A), the flow stress can be calculated. However, this approach is developed without considering the influence of the initial microstructure and strain on the flow stress, which is inappropriate since the significant effect of them can be observed in the experimental curves (Fig. 2) . Thus, the initial microstructure and strain should be taken into account to increase the accuracy of prediction. Recently, a method of compensation of strain has been proposed to deal with the influence of strain on the flow stress, while the influence of the initial microstructure is still ignored [28] . In the current work, a compensation of both strain and initial microstructure is performed to increase the accuracy of prediction. First of all, the various initial microstructures heat-treated for 1, 2 and 8 h are characterized by the corresponding σ-phase fractions of 1%, 0.6% and 0.01% respectively, and the true strain between 0.05 and 0.8 with interval of 0.05 are adopted. Then, the values of material constants (α, n, Q and A) for various initial microstructures and strain are calculated, as shown in Fig. 6 . Obviously, these material constants are dependent on both initial microstructure (s) and strain (ε). The related functions can be obtained by 1stOpt software, as expressed by Eq. (9) . The values of the corresponding coefficients of Eq. (9) are listed in Table 3 .
It can be found such functions are able to represent the influence of both initial microstructure and strain on material constants with a very good correlation and generalization, as shown in Fig. 6 . Accordingly, the modified constitutive model compensated by both strain and initial microstructure can be developed by substituting Eq. (9) into Eq. (8), and the flow stress is then predicted. The comparison between the experimental and predicted flow stress of the studied alloy with various initial microstructures and processing conditions is shown in Fig. 7. 
Artificial neural network model
Artificial neural network (ANN) is able to simulate the working process of the human brain in decision making and it therefore has good ability to understand, memorize and generalize the underlying rules of the material behavior [29] . Recently, many kinds of ANN approaches have been developed. Among them, the feed forward back-propagation (BP) algorithm is the most vital and efficient in science and engineering applications [30] . A typical BP-ANN model Table 2 Values of constitutive constants and deformation activation energy of the alloy. contains an input layer, an output layer and one or more hidden layers, and such layers are connected by the processing units called neurons [31] [32] [33] . The input layer is used to receive data from outside while the output layer sends the prediction results out. Besides, the hidden layer acts as the network architecture to mimic the complex non-linear relationships between the inputs and outputs [34] . In a feed forward BP-ANN, the outputs calculated from the inputs are compared with the corresponding target data, and their errors are then propagated backwards to adjust the weights and biases. The process of using the target data to minimize the target error iteratively is called as training the network. The trained network is stored and can be applied to predict the outputs for a new set of inputs [35] . Table 3 Values of the coefficients of Eq. (9).
In most function approximation problems, the ANN model with one hidden layer is proved to be sufficient to approximate continuous functions [36, 37] . Therefore, a three-layer artificial neural network with a hidden layer is employed in this study. Considering the influence of the initial microstructure, the initial σ-phase fraction (s) together with the strain (ε), stain rate (_ ε) and deformation temperature (T), are chosen as input variables of the ANN model, while the output variable is stress (σ). Hence, a feed forward BP-ANN is developed as shown in Fig. 8 .
Before training the network, both input and output variables should be scaled between 0 and 1 in order to achieve a usable form for the network to read. The following equation, which is used widely for unification [22, 31, 32, 38] , is chosen to unify T and σ in the current case.
where X is the original data, X min and X max represent the minimum and maximum value of X respectively, X' is the unified data of the corresponding X. However, since s and _ ε change sharply, the minimum values of them after unification are too small for the ANN model to learn. Thus, the following equation is adopted to unify the values of s and _ ε:
Given values of ε are already in the range 0-1, they do not need further unification. Moreover, the number of neurons in the hidden layer has a significant impact on the complexity of the network and precision of the predicted values. Hence, a trial-and-error procedure is carried out to decide the appropriate number of neurons. In this procedure, neurons in the hidden layer are varied from 2 to 22, while neurons more than 22 are not considered in order to avoid over fitting. Furthermore, the convergence criterion for the ANN model is determined by the average root mean square error (RMSE) between the desired and predicted output values, which can be expressed as
where N is the amount of the sample, E i and P i are the experimental and predicted value respectively [39] . Fig. 9 shows the influence of the number of neurons in the hidden layer on the performance of the ANN model. It can be found that an ANN model with 18 hidden neurons produced impeccable performance and thereby considered as the optimal structure for the current case. In order to develop the ANN model, 1782 data points were selected from the true stress-true strain curves as the training and test datasets. Among them, 1350 data points were randomly selected to train the network, while the other 432 data points at true strains between 0.05 and 0.8 with an interval of 0.05 were used to test the performance of the ANN model. When training the network, the Levenberg-Marquardt (LM) algorithm was employed due to its fast convergence. And a hyperbolic tangent sigmoid transfer function was applied for neurons in the hidden layer whereas a linear transfer function adopted for the output layer. The comparison between the experimental and predicted flow stress of the studied alloy with various initial microstructures and processing conditions is shown in Fig. 10 . It can be observed that the predicted results agree well with the experimental results.
Comparison between Arrhenius-type constitutive equations and ANN model
From Figs. 7 and 10, it can be clearly seen the predicted flow stress of the ANN model is closer to the experimental data than the prediction of constitutive equations. It indicates the ANN model can provide an accurate evaluation of flow stress during hot deformation while the modified constitutive equations can provide a relatively rough estimate for flow stress.
In order to quantify the accuracy of the above constitutive equations and trained ANN model, the standard statistical parameters, such as correlation coefficient (R) and average absolute relative error (AARE) have been employed. R provides information on the strength of linear relationship between the experimental and the predicted values. However, higher value of R does not always indicate a better performance since the tendency of the model is often biased towards higher or lower values. Hence, an unbiased statistical parameter, AARE, was applied to measure the predictability of a model, and it can be calculated through a term by term comparison of the relative error [40] .
where E i is the experimental data and P i represent the predicted value. E and P are the mean values of E i and P i respectively. N is the total number of data employed in the investigation. The correlation between the experimental and predicted flow stress values derived from the constitutive equations and the ANN model is shown in Fig. 11 . Obviously, most of the data points lie exactly close to the ideal 451 line. The values of R for the constitutive equations and ANN model are 0.9951 and 0.9999, respectively. Moreover, values of AARE for constitutive equations and ANN model are 3.68% and 0.32%. These results indicate the ANN model shows good performance and can be applied to predict hot deformation behavior of N08028 alloy more accurately than the constitutive equations compensated by the strain and initial microstructure. That can be explained by that the response of hot deformation behaviors at high temperatures and strain-rates is highly nonlinear, and the flow stress affected by many factors is also nonlinear, which make the prediction accuracy of the constitutive equations low [32] .
Conclusions
Hot deformation behavior of N08028 alloy with various initial microstructures has been investigated. It is observed that the deformation temperature, strain rate and initial microstructure have a significant influence on microstructural evolution and flow stress. During hot deformation, the initial microstructure with more amount of σ-phase is found to be able to increase the flow stress, which can be explained by that the dislocation movement is hindered by the σ-phase. By analyzing the microstructural evolution, dynamic recrystallization is found to be responsible for the flow stress softening of the alloy. Considering the influence of initial microstructure, the Fig. 9 . Performance of the network with different hidden neurons.
Arrhenius-type constitutive equations is modified by compensation of strain and initial microstructure to describe the flow stress, and the corresponding material constants (α, n, Q and A) are found to be dependent on these two factors. Furthermore, the ANN model with a back-propagation learning algorithm is established to predict hot deformation behavior of the alloy as well. Comparison between predicted results from the two approaches, the correlation coefficients (R) obtained from the constitutive equations and ANN model are 0.9951 and 0.9999, while the average absolute relative errors (AARE) are 3.68% and 0.32%, respectively. Therefore, the ANN model has a better prediction precision of flow stress in hot deformation behavior of N08028 alloy with various initial microstructures.
